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Land-use change (LUC) is a major inﬂuence on soil organic carbon (SOC) stocks and the global carbon
cycle. LUC from conventional agricultural to biomass crops has increased in Britain but there is limited
understanding of the effects on SOC stocks. Results from paired plot studies investigating site-speciﬁc
effects document both increasing and decreasing SOC stocks over time. Such variation demonstrates
the sensitivity of SOC to many factors including environmental conditions. Using a chronosequence of 93
biomass crop sites in England and Wales, mainly of 1e14 y age, empirical models were developed of SOC
trajectory following LUC from arable and grassland to short rotation coppice (SRC) willow andMiscanthus
production. SOC stocks were calculated for each site using a ﬁxed sampling depth of 30 cm and changes
were estimated by comparing with typical pre-conversion SOC stocks. Most LUCs had no demonstrable
net effect on SOC stocks. An estimated net SOC loss of 45.2 ± 24.1 tonnes per hectare (±95% conﬁdence
intervals) occurred after 14 y following LUC from grassland to SRC willow. Soil texture and climate data
for each site were included in multivariable models to assess the inﬂuence of different environmental
conditions on SOC trajectory. In most cases the addition of explanatory variables improved the model ﬁt.
These models may provide some preliminary estimates of more region-speciﬁc changes in SOC following
LUC. However, the model ﬁt did not improve sufﬁciently as to provide a basis for adopting a more tar-
geted LUC strategy for lignocellulosic biomass crop production.
© 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).1. Introduction
Soils globally represent the most signiﬁcant long term organic
carbon store in terrestrial ecosystems, containing 4.5 times asmuch
carbon (C) as all living biomass [1] and 3.1 times as much as the
atmosphere [2]. Soil organic carbon (SOC) storage results from a
dynamic equilibrium between C continuously entering the soil
through organic matter inputs and leaving through decomposition
and mineralisation, dissolved organic carbon leaching and erosion.
Land-use change (LUC) from natural to agro-ecosystems has a
major impact on this balance and is the second largest source of
anthropogenic greenhouse gas (GHG) emissions after fossil fuel
combustion [3]. This vulnerability to human impact is recognised in
Articles 3.3 and 3.4 of the Kyoto Protocol with signatory states
required to report SOC stock changes resulting from LUC in theiran).
r Ltd. This is an open access articleannual GHG inventories. Consequently, efforts are being made to
identify land-uses that increase SOC storage and utilise the C sink
capacity offered globally through agricultural and degraded soils
[4,5].
LUC from conventional agriculture to purpose-grown lignocel-
lulosic biomass crop production has become increasingly common
in Europe [6]. It has been argued that using land as a source for
bioenergy crops has the potential to offset anthropogenic CO2
emissions through soil C sequestration as well as fossil fuel sub-
stitution [4,7]. Purpose-grown biomass crops have been promoted
as a source of lignocellulosic feedstock for the production of heat
and electricity as well as for the future production of liquid biofuels
[8]. It has been suggested that lignocellulosic biomass crops are a
more sustainable resource than using food crop-based biofuels
[9e11]. Studies indicate that lignocellulosic biomass crops require
fewer inputs and can grow on marginal land [7,12,13] but concerns
remain over competing land-use where purpose-grown biomass
crops will replace food production.under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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(SRC willow) are the most prevalent lignocellulosic biomass crops
in the UK and currently cover estimated areas of 79e135 km2 and
22e55 km2 respectively [6,14,15]. However, this is expected to in-
crease, with 9,300e36,300 km2 of land being identiﬁed as available
for lignocellulosic biomass crop production in the UK [16].
Although life-cycle assessments indicate Miscanthus and SRC wil-
low have signiﬁcant potential for GHG mitigation through fossil
fuel substitution [7], an absence of data relating to the effects of LUC
on SOC and biogenic GHG emissions remains a barrier to their
promotion through policy formulation [17].
The effects of LUC on SOC stocks are difﬁcult to assess and long
termmonitoring of SOC stocks through repeated assessment of soil
inventories is time-consuming and complex, often showing insig-
niﬁcant changes in SOC or inconsistent temporal and spatial trends
[18e21]. The potential to measure changes in SOC over time is
limited with detectability dependent on the number of samples
taken as well as the rate of change [22,23]. Attempts have been
made to develop simple and cost-effective practical indicators of
SOC stock changes that would avoid repeated sampling [24,25].
However, such measurements have not been widely tested and
require validation for a range of soil and land-use types. Due to the
many problems associated with long term measurements, space-
for-time substitution methods are preferred to infer the effects of
LUC over time.
Results of paired plot studies investigating effects of land con-
version to lignocellulosic biomass crops on SOC stocks often report
short term gains in SOC following the conversion of arable land to
Miscanthus in temperate Europe [26e28] while losses and gains
have both been inferred for LUC from arable crops to SRC willow
[29]. Studies typically infer no signiﬁcant change in SOC following
the conversion of grassland to Miscanthus [26,30,31], and a loss of
SOC following LUC from grassland to SRC willow [29,32]. However,
the trajectory and magnitude of change differs between studies,
reﬂecting the general sensitivity of SOC to site-speciﬁc factors such
as climate, soil texture, crop management, previous land-use and
SOC stocks [33]. A large number of study sites representing LUC
under a range of conditions would be required to ascertain the
overall net effect of LUC on a landscape scale.
The carbon response function (CRF) concept was developed as a
simple statistical tool to describe the relative SOC change rate after
LUC as a function of time [34]. With this approach, SOC stock
changes (DSOC%) are inferred using reference sites and regression
models are ﬁtted to the dataset with the best-ﬁt model, or ‘general
carbon response function’ (CRFgen), identiﬁed to provide an overall
measure of change across multiple sites [35]. To investigate the
inﬂuence of environmental parameters on SOC change rate and to
improve the model ﬁt, additional variables are used in a multivar-
iable model designated ‘speciﬁc carbon response function’ (CRFspec)
for the purpose of more region-speciﬁc estimates [35,36]. These
empirical models are more transparent and less complex than
process-based simulation models although they require large
datasets to provide reliable estimates of temporal trends in SOC
following LUC.
CRF models have been developed to estimate the effects of
major LUCs in temperate Europe [36,37]. For these historic LUCs
large retrospective datasets were available fromwhich paired sites
that were adjacently situated could be selected to ensure similar
pedological conditions. However, in circumstances where suitable
reference sites were unavailable and rather than limiting the
number of study sites, average pre-conversion SOC stocks obtained
from soil surveys have been employed to provide a baseline mea-
surement with which to estimate relative changes in SOC [37]. This
method has also been employed in the present study to assess the
impact of LUC for lignocellulosic biomass crop production, sincethis is a recently emerging LUC in Britain andwewere subsequently
constrained by a lack of retrospective datasets and suitable refer-
ence sites. Here two approaches have been combined to assess SOC
trajectory following biomass crop establishment: (i) free-intercept
models were used to determine the post-conversion trajectory of
SOC for a selection of sites that can be assumed to follow a similar
trajectory and; (ii) forced-intercept CRFs were developed to esti-
mate net changes in SOC from a hypothetical baseline and to assess
the effects of environmental parameters on SOC changes. The main
purpose is to assist in targeting future research efforts and to
provide preliminary evidence for policy makers.
2. Materials and methods
2.1. Site selection
A list of 150 commercial SRC willow and 121 Miscanthus plan-
tations was compiled in England and Wales, from which 45 SRC
willow and 48 Miscanthus plantations were selected for soil sam-
pling. To limit variance arising from site-speciﬁc factors the
following were excluded from the list: (i) sites with anomalously
high SOC content (>8% SOC) or wetland soil, (ii) crops established
on reclaimed land, and (iii) land where organic fertiliser (sewage
sludge or manure) had been applied in the ﬁve years prior to
sampling. Of those remaining, 93 sites were selected to obtain as far
as possible a broad, even range of age and an equal representation
of SRC willow andMiscanthus plantations established on arable and
permanent grassland. Due to the relatively recent emergence of
these crops as a biomass resource in Europe, all plantations were
between 1 and 14 y old at the time of sampling, apart from one
plantation, a 22-y old SRC willow crop. The number of plantations
established on former grassland sites was limited, owing to
declining policy support. All available conversions from permanent
grasslandwere sampled and supplemented by sites comprising set-
aside ﬁelds that had been under grassland management for at least
ﬁve years prior.
Sites from each crop type were generally located in the same
broad geographical area (Fig. 1) with similar climatic character-
istics and soil texture to ensure similar site trajectory (Table 1).
Site climate was categorised using mean annual precipitation
(MAP) and mean annual temperature (MAT), based on 1981e2010
observations, obtained for the Met Ofﬁce weather station closest
to each study site. Soil texture at 26% of the sites was ‘light’ (<15%
clay), 70% of sites had ‘medium’ texture (15e30% clay) and 4%
were ‘heavy’ textured (>30% clay). All sites fall within a range of
10e38% clay content. The distribution of sites was affected by
historic planting efforts, with a concentration towards the north-
east and south-west of England (Fig. 1). To reduce bias only one
ﬁeld was sampled on a given farm, even if another stand age was
present.
2.2. Soil sampling
Soil sampling at the 93 study sites was undertaken between
March and November 2011. Each ﬁeld was divided into a grid of
100 intersections of which 25 were randomly selected for sam-
pling. Soil cores (30 mm diam.) were taken to 30 cm depth and
divided into two layers (0e15 and 15e30 cm). Where roots or
large stones were present, the sample was taken from within
10 cm of the grid intersection. Samples were combined by depth
and stored at 4 C for a maximum of 2 weeks before processing for
analysis. Three additional cores of 50 mm diam. were taken to
15 cm depth from randomly selected intersections, using a spe-
cialised ring corer kit to measure soil bulk density (BD) (Van Walt,
Haslemere, England).
Fig. 1. Locations of study sites and Met Ofﬁce stations.
Table 1
Summary of site characteristics for each LUC. Clay and SOC areweighted averages for the 0e30 cm soil proﬁle using bulk density values for the 0e15 and 15e30 cm increments.
Arable to SRC willow (0e14 y) Arable to SRC willow (0e22 y) Arable to Miscanthus Grass to SRC willow Grass to Miscanthus
n 29 30 37 15 11
Clay (%)
Mean 17.6 18.3 19.9 15.9 22.5
Standard deviation 4.76 5.97 5.18 4.87 5.04
Median 16.9 17.0 19.1 15.7 23.4
Range 21.3 27.8 19.9 20.9 20.4
IQR (inter quartile range) 15.0 to 19.8 15.5 to 20.8 15.8 to 24.8 13.2 to 16.5 20.4 to 24.7
Mean Annual Precipitation (mm)
Mean 658 658 838 717 899
Standard deviation 73.1 71.8 174 124 147
Median 620 636 751 660 918
Range 253 253 523 496 373
IQR 615 to 660 615 to 660 660 to 1017 657 to 496 373 to 709
Mean Annual Temperature (C)
Mean 10.0 10.1 10.1 10.1 10.6
Standard deviation 0.6 0.6 0.7 0.9 0.4
Median 10.0 10.0 10.1 10.5 10.8
Range 2.1 2.1 2.3 2.4 1.3
IQR 9.9 to 10.6 9.9 to 10.8 9.9 to 10.8 9.2 to 10.8 10.1 to 10.9
SOC (%)
Mean 2.15 2.26 2.28 2.20 2.82
Standard deviation 1.18 1.29 0.74 1.24 0.99
Median 1.84 1.86 2.11 1.65 2.53
Range 4.29 4.55 3.20 4.20 2.71
IQR 1.39 to 2.51 1.42 to 2.55 1.77 to 2.71 1.33 to 2.96 2.05 to 2.71
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Table 3
Mean SOC stocks and standard deviation for 0e30 cm of soil by SSEW major soil
group and land-use [43].
Land-use major soil group Mean (t ha1) Standard deviation (t ha1)
Arable
Lithomorphic soils 99.7 29.5
Pelosols 84.6 6.9
Brown soils 66.7 2.5
Podzolic soils 118.9 17.3
Surface-water gley soils 76.3 14.4
Ground-water gley soils 123.4 19.9
Man-made soils 51.3 19.6
Grassland
Lithomorphic soils 117.8 23.9
Pelosols 104.9 11.1
Brown soils 92.9 4.2
Podzolic soils 132.2 25.3
Surface-water gley soils 108 13
Ground-water gley soils 119.3 22.1
Man-made soils 59.8 19.5
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The composite samples were used to obtain a site value for SOC
for the two depth increments. Soil was sieved (<5.6 mm) and
homogenised using the cone and quarter method [38]. A repre-
sentative sub-sample was then collected and air-dried at room
temperature for 7 days, before being crushed with a pestle and
mortar, sieved (<2 mm) and milled to a ﬁne powder using a
MM200 ball mill (Retsch GmbH, Haan, Germany). 20 mg of sample
was analysed for total C and N by dry combustion using a TruSpec
elemental analyser (Leco, St. Joseph, MI, USA). SOC was ascertained
for each sample as the difference between total C and the mass
fraction of inorganic C in dry soil, quantiﬁed using an automated
acidiﬁcation module and coulometry (CM 5012 and CM 5130, UIC,
Joliet, Illinois).
Ratios of clay- (0e2 mm), silt- (2e63 mm) and sand-sized
(63e2000 mm) primary particles were determined for the soil
mineral fraction using a laser diffractometer (Beckmann Coulter
LS230, High Wycombe, England). Samples containing inorganic
C > 0.1 g kg1 were treated prior to analysis as follows. 20 g samples
were acidiﬁed with 20 ml of 1 mol l1 sodium acetate (NaOAc),
adjusted to pH 5 with glacial acetic acid (CH3COOH). Acidiﬁed
samples were maintained at 70 C overnight in a water bath and
then centrifuged. After carbonate removal 10 g of each sample was
treated for the removal of organic matter with 20ml of 9.79 mol l1
hydrogen peroxide (H2O2) for 24 h, maintained at pH 5 with
0.1 mol l1 NaOAc buffer. Each residue was then rinsed three times
with deionised water and oven dried overnight at 80 C [39,40].
Oxidised, carbonate-free residues were dispersed by treating
overnight with 25 ml of 0.07 mol l1 sodium hexametaphosphate
(NaPO3)6 in an ultrasonic bath and sieved (<1mm) prior to analysis.
The >1 mm residue was isolated by vacuum ﬁltration and then
oven-dried at 80 C for estimation of volume using an assumed
grain density of 2.65 g cm3 to re-calculate clay, silt and sand
particle abundances for the whole <2 mm sample.2.4. Statistical modelling
Two approaches were employed to assess SOC trajectory
following biomass crop establishment. Free-intercept models were
used to determine the post-conversion trajectory of SOC by
regressing SOC density (t ha1) against time since establishment.
This approach demonstrates the general relationship between SOC
stocks and age of plantation for a chronosequence of sites. How-
ever, in the free-intercept models an intercept is calculated which
does not account for a potential land conversion effect and cannot
be used to estimate net changes from pre-conversion SOC stocks.
For this purpose CRFs were also developed for each LUC based on
the approach developed in a number of recent studies [34e37].
These forced-intercept models were produced by regressing rela-
tive changes in SOC stocks measured at each site from a pre-
conversion SOC stock (DSOC) against time since establishment.Table 2
Number of biomass crop sites within each SSEW major soil group.
Major soil group Arable to SRC willow Grass to SRC
Lithomorphic 0 0
Pelosols 0 0
Brown soils 12 7
Podzolic soils 0 0
Surface-water gley 8 6
Ground-water gley 9 2
Man-made soils 1 0Due to the lack of suitable reference sites available for this study,
DSOC values were calculated using pre-conversion SOC stocks
derived from soil surveys. Each biomass crop plantation in the
chronosequence was categorised into major soil groups of the Soil
Survey of England and Wales (SSEW) soil classiﬁcation system [41]
using the National Soil Map for England and Wales [42] (Table 2).
Mean SOC stocks for arable and grassland soils and standard de-
viations were obtained for each corresponding group, as described
in Gregory et al. [43] (Table 3).
SOC density (t ha1) was calculated using the ﬁxed depth
approach (to 30 cm depth) using results from the samples at 0e15
and 15e30 cm depth [Eq. (1)] and DSOC was calculated as the
difference between themeasured total SOC stock (0e30 cm) at each
site and the corresponding pre-conversion SOC stock [Eq. (2)]
SOC density

t ha1

¼
Xn
i¼1SOCð%mass fraction of dry soilÞi
 bulk density

g cm3

i
 depthðcmÞi
(1)
DSOC

t ha1

¼ SOC stock under biomass crop

t ha1

 Pre
 conversion SOC stock

t ha1

(2)
For these calculations it was ﬁrst necessary to develop a pedo-
transfer function (PTF) to derive estimates of 15e30 cm BD using
the 0e15 cm BD measurements and other measured soil parame-
ters. The best-ﬁt equation predicted BD as a function of SOC [Eq. (3)]
(see the online Supporting Information for detail of the PTF
derivation).LUC
willow Arable to Miscanthus Grass to Miscanthus
3 0
1 2
24 6
0 0
8 2
1 1
0 0
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
g cm3

¼ 1:49 ð0:09 SOCÞ (3)
where SOC is soil organic carbon (% mass fraction of dry soil).
For both the free- and forced-intercept models, regressions
ﬁtted to the data included linear, quadratic, cubic, power and
exponential functions. Weighted regressions were used for the
forced-intercept CRFs with weights (1/SD2) derived from the
standard deviations of the pre-conversion SOC stocks (Table 3).
Model selection was based on the corrected Akaike information
criterion (AICc) [Eq. (4)]. Overall model robustness was evaluated
using the model efﬁciency index (EF) [44,45] [Eq. (5)]. Root mean
square prediction error (RMSPE) [Eq. (6)] was used to measure the
overall prediction error.
AICc ¼

n ln

SSE
n

þ 2ðkÞ

þ

2kðkþ 1Þ
n k 1

(4)
EF ¼
 Pn
i¼1

Oi  O
2 Pni¼1hðPi  OiÞ2i
!
Pn
i¼1

Oi  O
2 (5)
RMSPE ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
n
Xn
i¼1
ðPi  OiÞ2
vuut (6)
where n is the total number of observations, SSE is the sum of
squared errors of prediction and k is the number of parameters plus
1, Pi are the predicted values, Oi the observed values and O themean
of the observed data.
Selected forced-intercept models were designated CRFgen
models and used to estimate changing SOC stocks from mean pre-
conversion SOC stocks (±95% conﬁdence intervals). Speciﬁc CRFs
(CRFspec) were also created to assess the inﬂuence of other
explanatory variables on changing SOC stocks (Table 4). Clay, silt
and sand density (t ha1) was used instead of relative abundances
(%) since these provided a better ﬁt and enabled greater predictive
accuracy. Linear and quadratic functions were selected for CRFgen
models [Eqs. (7) and (8)] which were enhanced for CRFspec models
by entering explanatory variables in a hierarchical manner as direct
effects on model coefﬁcients to increase EF and decrease RMSPE
[Eqs. 9 and 10]. The order of the variables (e.g. x1, x2 …) indicates
their degree of inﬂuence with x1 having the greatest effect.
Explanatory variables were added individually and associated co-
efﬁcients used to indicate either a positive or negative effect on
each response function [36]. To take account of any possible effect
of sampling season (spring, summer and autumn) on the rate of
SOC change, season was assigned categorical values of 1, 2 and 3
respectively, in the order of spring to autumn.
Linear CRFgen: DSOC ¼ at (7)Table 4
Explanatory variables used to develop CRFspec models.
Variable Units/categories Method/descr
Clay density t ha1 Laser diffracti
Silt density t ha1 Laser diffracti
Sand density t ha1 Laser diffracti
Mean annual precipitation mm Interpolated d
Mean annual temperature C Interpolated d
Season spring/summer/autumn Season duringQuadratic CRFgen: DSOC ¼ at þ bt2 (8)
Linear CRFspec: DSOC ¼ ða0 þ a1x1 þ/aixiÞ  t (9)
Quadratic CRFspec: DSOC ¼ ða0 þ a1x1 þ/aixiÞ 

t þ bt2

(10)
where t is time after LUC (y), a, and b are constants and x denotes
the explanatory variable. All regression analysis, curve ﬁtting and
checking of residuals for normal distribution using the Shapiro
Wilk test were carried out using Genstat 16 (VSN International,
Hemel Hempstead, UK). SSE values were obtained from Genstat 16
and AICc calculated using the method of Motulsky and Christo-
poulos [46].
3. Results
3.1. Arable to SRC willow
Two sets of models were established to describe SOC trajectory
following LUC from arable crops to SRC willow: (i) for the initial
14 y period and (ii) including the 22 y old site. Dual analysis was
carried out to enable comparison of all LUCs over a similar time
frame, but also to explore the longer time frame available here since
the 22-y site was not identiﬁed as an outlier using the Grubb's test.
In both cases, an exponential function provided the best predictive
free-intercept model and a linear function provided the best pre-
dictive forced-intercept model. The upward trajectory of the free-
intercept models suggest a post-conversion increase in SOC
stocks, by an estimated 42.2 ± 19.1 t ha1 from 2 to 14 y and by
78.4 ± 51 t ha1 from 2 to 22 y (Fig. 2aeb). However, the forced-
intercept CRFgen model shows no demonstrable overall change in
SOC for this LUC, with an estimate of 19.3 ± 19.8 t ha1 after
14 y and 30.3 ± 30.3 t ha1 after 22 y (Fig. 3aeb). These results
indicate that, after initial losses, SOC stocks recover during years
2e14 with a greater recovery after 22 y. However, there is no evi-
dence for any overall net effect on SOC relative to pre-conversion
SOC stocks after 14 or 22 y.
EF was improved for both the 14-y and 22-y CRFs (from 0.05 to
0.45 and from 0.07 to 0.40 respectively) with the addition of
explanatory variables (Table 5). Sampling season, clay density and
MAT all had an effect on SOC trajectory (Table 6). In both cases a
predicted positive effect on the response function occurred from
spring to autumn. A negative effect of clay density on the response
function indicates greater SOC losses and/or lower SOC accumula-
tion for more clayey soils. A positive effect of MAT indicates greater
SOC accumulation in warmer regions.
3.2. Arable to Miscanthus
For LUC from arable crops to Miscanthus a power function pro-
vided the best predictive free-intercept model and a quadraticiption Direct or indirect measurement
on Direct
on Direct
on Direct
ata based on 1981e2010 observations Indirect
ata based on 1981e2010 observations Indirect
which sampling occurred Direct
Fig. 2. Free-intercept models with SOC stocks (t ha1 ± 95% conﬁdence intervals) expressed as a function of time following LUC: (a) arable to SRC willow 0e14 y; (b) arable to SRC
willow 0e22 y; (c) arable to Miscanthus; (d) grass to SRC willow; (e) grass to Miscanthus.
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downward trajectory of the free-intercept model suggests a post-
conversion decrease in SOC stocks, by an estimated
23.5 ± 7.8 t ha1 from 1 to 13 y (Fig. 2c). However, the forced-
intercept CRFgen model shows no demonstrable overall change in
SOC for this LUC, with an estimate of 1.1 ± 24.6 t ha1 after
13 y (Fig. 3c). No additional variables improved the model ﬁt.
3.3. Grass to SRC willow
For LUC from grassland to SRC willow an exponential function
provided the best predictive free-intercept model and a linear
function provided the best predictive forced-intercept model. From
years 3e14 the free-intercept model follows a slight downward
trend but with no demonstrable overall change in SOC, with a
model estimate of 33.5 ± 51.0 t ha1 (Fig. 2d). However, the
forced-intercept CRFgen model indicates an overall net loss of SOC
following LUC from grassland to SRC willow, with an estimate
of 45.2 ± 24.1 t ha1 after 14 y (Fig. 3c). EF was improved from
0.09 to 0.26 by the addition of the explanatory variables sand
density and MAP (Table 5). Negative effects of sand density and
MAP indicate greater SOC losses may occur in sandier and wetter
soils.
3.4. Grass to Miscanthus
For LUC from grassland toMiscanthus a power function providedthe best predictive free-intercept model and a linear function
provided the best predictive forced-intercept model. From years
3e13 the free-intercept model follows a slight upward trend but
with no demonstrable overall change in SOC, with amodel estimate
of 19.0 ± 23.0 t ha1 (Fig. 2e). Similarly the forced-intercept CRFgen
model shows no demonstrable overall change in SOC for this LUC,
with an estimate of 7.4 ± 15 t ha1 after 13 y (Fig. 3e). EF was
improved from 0.05 to 0.12 with the addition of the explanatory
variables sand density, silt density, MAP and MAT (Table 5). Nega-
tive effects of sand and silt density, MAP andMAT indicate potential
SOC losses or less accumulation in lighter textured soils and/or in
warmer and wetter regions.
4. Discussion
The upward trajectory of the free-intercept models indicates a
post-conversion increase in SOC stocks following LUC from arable
crops to SRC willow. An expected increase in SOC has previously
been attributed to reduced tillage, increased C inputs from leaf,
woody and root litter production and by increased transfer of as-
similates into the external mycelium of mycorrhizal fungi [47e50].
While the 14-y model indicates a declining rate of accumulation,
possibly reaching a new equilibrium (Fig. 2a), the 22-y model
projects a continued increase, but with a large uncertainty reﬂected
by the broad 95% conﬁdence intervals (Fig. 2b). However, this in-
crease in SOC may have been preceded by an initial loss of SOC
stocks following LUC due to the disruption of aggregates caused by
Fig. 3. Forced-intercept models with estimated SOC changes (t ha1 ± 95% conﬁdence intervals) expressed as a function of time following LUC: (a) arable to SRC willow 0e14 y; (b)
arable to SRC willow 0e22 y; (c) arable to Miscanthus; (d) grass to SRC willow; (e) grass to Miscanthus.
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that has lost physical protection [51]. Since the free-intercept
model is unable to account for such a land conversion effect,
forced-intercept CRFgen models have been employed to attempt to
relate this period of SOC recovery to pre-conversion SOC stocks.
These models suggest no overall net increase from pre-conversion
levels has occurred after either 14 or 22 y (Fig. 3aeb). Although
there is no measurable gain after 22 y, a model estimate of
30.3 ± 30.3 t ha1 suggests that SOC has recovered to pre-
conversion levels representing a full SOC payback for any initial
losses. However, this parameterised model reﬂects a short term
effect and it is unclear whether an increase can be expected beyond
this period, or when a new equilibrium may be reached.
In contrast, the downward trajectory of the free-interceptmodel
indicates a post-conversion decrease in SOC stocks following LUC
from arable crops to Miscanthus. SOC stocks measured at Mis-
canthus plantations aged 1e2 y are relatively large and this pro-
duces a negative exponent used to predict a loss over time.
Furthermore, since this free-intercept model is unable to account
for any initial losses following LUC, an even greater overall loss from
pre-conversion stocks might have been expected. However, the
forced-intercept CRFgen model shows no demonstrable overall
change in SOC for this LUC. Instead these large SOC stocks for young
Miscanthus plantations aremore likely to represent increases rather
than decreases from pre-conversion levels. Both the exponential
and quadratic curves projected by the free- and forced-interceptmodels respectively appear counter-intuitive since: (i) low-input
arable soils have previously been identiﬁed as having a large C
storage potential [4]; (ii) paired plot studies have previously
inferred a signiﬁcant increase in SOC for LUC from arable crops to
Miscanthus [26,28] and; (iii) it is unlikely that SOC would increase
in the ﬁrst few years following LUC and decrease thereafter. Based
on previous studies, an overall increase might have been expected
here, due to an anticipated reduction in soil disturbance and
increased C inputs to the soil from both above- and below-ground
[28,52,53]. Reasons why the expected SOC increase was not
detected in this research may include patchy Miscanthus crop
establishment, which was observed at some sites, although not
quantiﬁed. It has previously been suggested that poor crop per-
formance may relate to inexperience and inefﬁcient management
of a newly emerging crop [54]. It is also possible that the perfor-
mance of Miscanthus in trials using experimental sites does not
adequately reﬂect that of commercial planting which, due to eco-
nomic factors, may be more likely to occur on lower grade land.
Further research would be required to conﬁrm these effects.
No demonstrable changes in SOC stocks are predicted by the
free-intercept models for LUC from grassland to either SRC willow
or Miscanthus (Fig. 2dee). LUC to SRC willow follows a slight
downward trend and LUC to Miscanthus follows a slight upward
trend but in both cases there is large uncertainty around model
estimates. Fewer study sites were available for biomass crops
established on grassland which may contribute to the large
Table 5
Performance evaluation of free- and forced-intercept models for each LUC.
LUC Model Function Equation EF RMSPE (t ha1)
Arable e SRC willow
(after 14 y)
Free-intercept Exponential 93.12  83.37  exp(0.72  age) 0.08 33.5
Forced-intercept
CRFgen
Linear 1.38  age 0.05 38.7
Forced-intercept
CRFspec
Linear (9.21 þ 2.77  season  0.04  clay density þ 0.01  MAT)  age 0.45 32.9
Arable e SRC willow
(after 22 y)
Free-intercept Exponential 24.05 þ 39.04  exp(0.05  age) 0.17 33.5
Forced-intercept
CRFgen
Linear 1.38  age 0.07 38.1
Forced-intercept
CRFspec
Linear (9.21 þ 2.75  season  0.05  clay density þ 7.97  MAT)  age 0.40 33.0
Arable e Miscanthus
(after 13 y)
Free-intercept Power 100.46  age0.10 0.06 17.3
Forced-intercept
CRFgen
Quadratic 6.13  age  0.48  age2 0.01 24.1
Forced-intercept
CRFspec
Quadratic No variables entered or removed
Grass e SRC willow
(after 14 y)
Free-intercept Exponential 105.44  8.39  exp(0.12  age) 0.08 36.8
Forced-intercept
CRFgen
Linear 3.24  age 0.09 33.8
Forced-intercept
CRFspec
Linear (9.38 þ (1.08  103)  1.56  sand density  (1.07  103)  MAP)  age 0.26 31.3
Grass e Miscanthus
(after 13 y)
Free-intercept Power 72.39  age0.14 0.07 18.0
Forced-intercept
CRFgen
Linear 0.57  age 0.05 18.3
Forced-intercept
CRFspec
Linear (1.65  0.02  sand density  0.02  silt
density  0.05  MAP  2.32  MAT)  age
0.12 18.6
G.J. McClean et al. / Biomass and Bioenergy 83 (2015) 141e151148uncertainty reﬂected by the broad 95% conﬁdence intervals. How-
ever, the forced-intercept CRFgen model predicts an overall net
decrease in SOC following LUC from grassland to SRC willow. This
suggests that the free-intercept model underestimates SOC losses
and that, by comparing with typical pre-conversion SOC stocks,
uncertainty is lower for the forced-intercept CRFgen model which
predicts an overall net loss of 45.2 ± 24.1 t ha1 after 14 y. Although
such a loss appears high for mineral soils, equivalent to
3.2 t C ha1 y1, other studies which have used a paired sites
approach to assess LUC in temperate Europe have also reported SOC
losses of a similar magnitude. Poeplau et al. [36] estimated a loss for
LUC from grassland to cropland of 36 ± 5 (95% CI) % of an initial SOC
stock of 115 t C ha1 after 17 y, which is equivalent to 2e3 t C ha y1.
They also estimate a loss for forest to cropland of 31 ± 20% of an
initial SOC stock of 147 t C ha1 after 20 y, which is equivalent to
1e4 t C ha y1. The loss estimated by the CRFgen may corroborate
the results of paired plot studies which have inferred signiﬁcant
losses for this LUC [29,32]. For LUC from grassland to Miscanthus,
the forced-intercept CRFgen model projects a slight downward
trend also suggesting the free-intercept model may underestimateTable 6
Explanatory variables used to develop CRFspecs. þ indicates a positive and  a negative ef
CRF for the respective LUC.
LUC
Clay density Silt density
Arable e SRC willow (0e14 y) 
Arable e SRC willow (0e22 y) 
Arable e Miscanthus
Grass e SRC willow
Grass e Miscanthus SOC losses. However, no demonstrable change in SOC is apparent
for this LUC from either model approach. Paired plot studies have
also reported no signiﬁcant differences in SOC betweenMiscanthus
and adjacent grassland sites [26,30,31].
EFs of the CRFgen models were low with a range of 0.01e0.09
(Table 5) indicating that ‘time since conversion’ explains only a
small amount of variance in the data. Other explanatory variables
were used to enhance the model ﬁt, with soil texture, climate and
sampling season all having an effect on SOC trajectory. Sampling
season improved the model ﬁt for LUC from arable crops to SRC
willow having a positive effect on the response function, suggesting
that estimated increases in SOC from sites sampled later in the year
may appear artiﬁcially high. This may relate to ﬁne root growth,
which begins in spring and continues until early autumn [55], or
increased litter inputs and decomposition during the course of the
year. Although care was taken to remove root material passing the
2-mm sieve, some ﬁne roots may have remained, which may also
have inﬂuenced the results.
Clay density improved the model ﬁt for LUC from arable to SRC
willow with a negative effect indicating a lower SOC accumulationfect on the response function. Blank cells indicate variables were not included in the
Explanatory variable
Sand density MAP MAT Season
þ þ
þ þ
 
  
G.J. McClean et al. / Biomass and Bioenergy 83 (2015) 141e151 149for more clayey soils. This may reﬂect a slower rate of change,
which would be consistent with trends reported in other studies
investigating long term changes in SOC stocks [36] as well as
studies that have assessed changes in speciﬁc SOC fractions
following LUC [24]. Sand and silt density improved the model ﬁt for
LUC from grassland to SRC willow and Miscanthus with both vari-
ables having a negative effect on the response function. These ef-
fects of soil texture can be explained by the higher proportion of
mineral and aggregate bound SOC in clayey soils which is more
resistant to decomposition than the particulate SOC that is more
abundant in sandy soils [56]. If SOC is assumed to follow a ‘slow in,
fast out’ trend then it may be ‘slower in’ for clayey soils which have
a greater C storage capacity in the long term.
Climatic factors improved EF with potentially greater SOC losses
and/or less accumulation in warmer and wetter regions following
the conversion of grassland. There is evidence that greater SOC
accumulation may have occurred in warmer regions following the
establishment of SRC willow on arable land. This may indicate that
where SOC losses occur these are accentuated in warmer and
wetter regions where conditions favour microbial activity. Where
SOC accumulation occurs the C inputs may have a greater effect on
the SOC balance than decomposition, with larger inputs in warmer
regions due to higher net primary production [36,57,58].
This study utilised a large chronosequence dataset of 93 sites
from across England and Wales to develop empirical models to
assess the general trajectory of short term SOC stock changes
following biomass crop establishment. Two model approaches
were employed to assess the post-conversion trajectory of SOC
stocks following biomass crop establishment and to put these
changes in a context of typical pre-conversion SOC stocks. Esti-
mates of SOC stock changes for each site were calculated by
comparing against mean pre-conversion SOC stocks for major soil
groups [43]. A paired sites approach can provide a more accurate
baseline against which tomeasure changes in SOC stocks. However,
it would also have compromised the number of sites that could be
sampled since suitable reference sites may not have been available
at all selected locations. Furthermore, while providing a potential
baseline for change, it is rare that two ﬁelds will share the same site
history before and since LUC, or the exact same soil properties.
The CRFgen models represent the overall net effect of LUC on
SOC, rather than an estimate of the likely incurred changes in SOC
under any particular set of circumstances. This provides a useful
indication of the general impact of the recent commercial deploy-
ment of biomass crops in Britain and the future short term net ef-
fect on SOC stocks if biomass crop planting were to continue on
similar types of land. Since the resolution of agricultural land
classiﬁcation maps in Britain is not suitable for the assessment of
single ﬁelds, we were unable to verify the quality of land for our
study sites. However, research from another study using focus
groups of farmers [59], as well as communication with the growers
within this study, both suggest a tendency to select the least pro-
ductive agricultural land for biomass crop establishment. There-
fore, this study may better reﬂect the impact of targeting lower
rather than higher grade agricultural land. Although a substantial
amount of land has been identiﬁed in Britain as ‘available’ for
biomass crop production, any future expansion is likely to be
contingent upon increased social acceptance, economic feasibility
and, for the production of biofuels, technological advancements. To
address important sustainability criteria, it may be more favourable
to target lower grade agricultural or unproductive land for biomass
crop production to limit the impact on the food supply [7,12,13]. If
the results presented here are indicative of such a planting strategy,
the potential beneﬁts of soil C sequestration on a commercial scale
may have been over-emphasised.
Although there does not appear to have been an overall netincrease in SOC from the recent commercial planting of biomass
crops in Britain, evidence suggests that increases are likely to have
occurred under certain conditions. CRFspec models were developed
to investigate the causes for the variability that has been observed
on a landscape scale. Whilst in most cases the addition of explan-
atory variables improved the model ﬁt, suggesting that SOC tra-
jectory is sensitive to soil texture and climate, the low explanatory
power of the models appears to provide limited justiﬁcation for
policy use in targeting future LUC for lignocellulosic biomass crop
production to increase SOC stocks. While a more targeted LUC
policy that incorporates the potential effects on SOC would be
unlikely, an improved understanding of the short and longer term
impact of LUC under different conditions is important nonetheless,
even if this proves more useful for C accounting than for C abate-
ment purposes.
There are various options for future research efforts to further
extend and test the outcomes of the current study. Our objective
was to determine the general effect of LUC to biomass crops by
sampling a large number of commercial plantations. The uncer-
tainty in model estimates is high, particularly for Miscanthus
plantations and former grassland sites for bothMiscanthus and SRC
willow. To reduce the uncertainty in these empirical models, the
sensitivity of SOC trajectory to a range of factors has to be
addressed. This could be achieved by targeted sampling of addi-
tional ﬁeld sites and, as others have previously suggested,
combining datasets from different studies to form an ‘improved
reporting scheme’ [36]. In addition to reducing the uncertainty
surrounding estimates derived from the CRFgen models, the CRFspec
model ﬁts could also be enhanced by further sampling and data
collection. Additional data should include information on factors
affecting SOC, in particular soil and climate. For example, in this
study climate data was summarised by mean annual precipitation
and temperature for the nearest Met Ofﬁce weather station to each
study site. It is possible that more site-speciﬁc climatological data,
that includes additional variables such as slope aspect, at a higher
spatial resolution could improve the model ﬁts.
However, there are obvious challenges facing further empirical
data collection as additional biomass crops, particularly those
established on grassland, may be limited in number and such
studies are resource-intensive in terms of ﬁeld and laboratory
work. In these circumstances, ﬁnding synergies between statistical
and process-basedmodelling is particularly important. Site-speciﬁc
testing of simulations can be evaluated against the generality of a
statistical model; statistical models can be explored for sensitivities
apparent in process-based models. Process-based models can then
be used to more conﬁdently extrapolate beyond the time-frame of
observational data, where for novel LUCs only relatively short term
effects can be directly examined using the CRFs. In this instance,
such models may be particularly useful for determining if any
future increases in SOC stocks are likely to occur as any losses
incurred by LUC are usually rapid and should have been captured by
the present study [36].
5. Conclusions
The results presented here indicate that commercial planting of
SRC willow on arable land had no net effect on SOC stocks, while
planting on grassland incurred a net loss of SOC. For Miscanthus,
there was no demonstrable net effect on SOC stocks following
commercial planting on arable or grassland. Further research
would be required to reduce this uncertainty and determine the
likely effects of LUC on the overall GHG mitigation potential of
Miscanthus. The data presented here suggests that C sequestration
beneﬁts of lignocellulosic biomass crops may have been over-
emphasised and that crop performance in a commercial setting
G.J. McClean et al. / Biomass and Bioenergy 83 (2015) 141e151150may not reﬂect that of experimental ﬁeld trials. It is likely that
increases in SOC can occur for both SRC willow and Miscanthus
under certain conditions and the effects of environmental param-
eters on SOC trajectory require further investigation. Since SOC
stock changes generally follow a ‘slow in, fast out’ trend, further
increases may occur outside of the time-frame of this study. For
more reliable longer term predictions, process-basedmodels can be
used in conjunction with the experimental data presented here.
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